Plants, with an estimated 300,000 species, provide crucial primary production and ecosystem structure. To date, our quantitative understanding of diversity gradients of megadiverse clades such as plants has been hampered by the paucity of distribution data. Here, we investigate the global-scale species-richness pattern of vascular plants and examine its environmental and potential historical determinants. Across 1,032 geographic regions worldwide, potential evapotranspiration, the number of wet days per year, and measurements of topographical and habitat heterogeneity emerge as core predictors of species richness. After accounting for environmental effects, the residual differences across the major floristic kingdoms are minor, with the exception of the uniquely diverse Cape Region, highlighting the important role of historical contingencies. Notably, the South African Cape region contains more than twice as many species as expected by the global environmental model, confirming its uniquely evolved flora. A combined multipredictor model explains Ϸ70% of the global variation in species richness and fully accounts for the enigmatic latitudinal gradient in species richness. The models illustrate the geographic interplay of different environmental predictors of species richness. Our findings highlight that different hypotheses about the causes of diversity gradients are not mutually exclusive, but likely act synergistically with water-energy dynamics playing a dominant role. The presented geostatistical approach is likely to prove instrumental for identifying richness patterns of the many other taxa without single-species distribution data that still escape our understanding.
G
eographic patterns of species distributions are central to ecology (1) (2) (3) (4) (5) (6) (7) . Progress toward more general and, importantly, global models of gradients of species richness to date has been hampered by the many species that remain only poorly documented in their geographic occurrence or altogether unknown (8) . For an understanding of the global distribution of diversity, plants might be of particular relevance. Plants comprise some 300,000 species, are key structural elements of terrestrial ecosystems, and are the basis of all terrestrial food webs. High plant diversity is likely associated with high biotic heterogeneity and thus a higher potential for specialization in various animal groups (9) . Generally, medium to strong positive relationships between producer and consumer diversity have been found (10) (11) (12) . Plants may thus play a central role as an indicator group; under this assumption, their richness pattern has already been used extensively for global-scale conservation priority setting (13) .
Recently, considerable progress has been made toward documenting broad-scale patterns of plant richness (11, (14) (15) (16) (17) (18) (19) (20) (21) . In general, two different data-type approaches are possible to map and analyze global richness gradients (22) . First, studies may be based on single-species occurrence data in the form of locality records or expert range maps (23) (24) (25) . Unfortunately, this approach is limited by the relatively small fraction of all species for which such data are available. Second, and consequently, a single-species approach for mapping and analyzing global distributions of many speciose groups, such as vascular plants, will long remain elusive. Thus, the method of choice is analyzing the species-richness information for geographic units with floras that have been well described (11, 21, 22) . This method offers a powerful approach to understanding the variability of plant species richness at a global scale.
A number of studies have shown a remarkably strong association between contemporary climate and species richness (4, 5, 7, 11, 16, (26) (27) (28) . According to the ''water-energy dynamics hypothesis,'' species richness at higher latitudes is controlled by the availability of ambient heat, whereas, in the thermally suitable tropics, water-and humidity-related variables are the main driving factors (4, 5, 28) . Alternatively or additionally, the sensitivity of most plants to frost or drought may constrain their richness outside warm and humid regions (5, 29) . Another set of hypotheses states that habitat heterogeneity governs speciesrichness gradients by local and regional species turnover (30, 32) . Third, historical/evolutionary hypotheses attribute speciesrichness gradients to geographic differences in the geological and climatic history, such as tectonic movements, uplift of mountain ranges, long-term climatic stability, or Pleistocene cooling and dryness. These historic factors may cause divergent rates of diversification (32) (33) (34) (35) . Recently, water-and energyrelated variables have been found to be dominant predictors of global angiosperm family richness (27) . Whether this would question a major role for historical factors has been debated (35) . To date, relative roles of potential environmental and historical drivers of species diversity lack scrutiny.
Here, we present an analysis of geographic patterns and putative macroecological determinants of vascular plant diversity at the species level and with a global scope. Our analysis is based on an exhaustive data set of 1,032 regions worldwide that has been used to produce expert opinion-based continental to global maps of plant species richness (11, 14, 17, 21) . We use both nonspatial and spatial (controlling for spatial autocorrelation) modeling techniques to test, in turn, the predictive potential of variables representing different hypotheses. We proceed to develop a combined multipredictor model and use it in conjunction with geostatistical techniques to predict vascular plant diversity across the whole world. We thereby outline a general geostatistical approach to capture the richness gradients of the many less studied groups of organisms that still escape our understanding.
Results and Discussion
The well known species-area relationship explains plant richness at local to regional scales (36) . Interestingly, even across a variation of four orders of magnitude in our data set, area per se is a relatively weak predictor of species richness and explains only 6.6% of the global variation of plant species richness (Table 1) . However, the explanatory power of area dramatically increases when spatial autocorrelation is explicitly modeled (57.4% deviance). This finding indicates strong neighborhood effects, which are also observed for subsequent environmental predictors [ Table 1 and supporting information (SI) Table 3 ]. Furthermore, we find that regional spatial heterogeneity (measured as the number of vegetation types, elevational belts, or especially as a variable combining both) is a strong predictor of plant richness and is able to account for the effect of area (Table 1) .
Among individual climatic variables, average annual temperature is thought to be of particular importance for ectothermic clades, given its exponential effect on rates of energy flux and thus, potentially, rates of biological interaction and diversification (3, 37) . Although there is a significant positive effect of average annual temperature (TEMP) on vascular plant species richness (8.5% deviance; Table 1 ), there are indications for a quadratic rather than linear trend [⌬AIC ϭ 25; where ⌬AIC indicates the difference between the Akaike information criterion (AIC) of the model of interest and the AIC of the best fitting model]. Under the generally untested assumption of uniform total abundance of individuals across space, the species-richness extension of the metabolic theory of ecology predicts a slope of 9.0 between the inverse of temperature (1,000/K) and the natural logarithm of species richness (37) , which is very different from the one observed here [ln(richness) ϭ 13.88 Ϫ 1.89 temperature Ϫ1 (1,000/K); test for difference in slope: t ϭ 54.33; P Ͻ 10 Ϫ15 ]. Actual evapotranspiration emerges as the strongest single climatic predictor [28. 6% deviance generalized linear model (GLM); Table 1 ]. Mean annual net primary productivity yields somewhat poorer fits than actual evapotranspiration (26.7%; ⌬AIC ϭ 28). Water-energy models that include interaction terms tend to have stronger explanatory power than those with only main effects confirming the important interdependence of these determinants. Of all potential combinations of energyrelated variables and water-related variables, the full interaction model including potential evapotranspiration (PET) and the annual number of days with rainfall (WETDAYS, a variable that encapsulates both amount and temporal occurrence of precipitation) is the strongest (36.8% deviance). Other variable combinations to quantify the water-energy interaction (27, 38) yield significantly poorer fits (⌬AIC Ͼ 44). Visual inspection and split-line analyses of the relationship between PET and species richness indicate a threshold at 505-mm PET, above which the relationship between species richness becomes largely independent from further increasing annual energy input (Fig. 1a) . Above the same breakpoint, the number of wet days, a nonsignificant predictor in low-energy regions, assumes strong predictive power (Fig. 1b) , highlighting that water constrains richness only in high-energy regions (4) . A similar interaction occurs with topographical complexity (Fig. 1c) , but not habitat heterogeneity as such (Fig. 1d ). The interaction with topography is qualitatively similar to previous findings for North American mammals (39) but with a breakpoint at much lower energy levels (505-vs. 1,000-mm PET). This finding strongly points to the different energetic and physiological constraints between these two groups (ectothermic vs. endothermic). These differential constraints may have affected rates of diversification and range limits of species. Determinants of species richness might change with spatial scale (31), and we therefore test for interactions between area and all predictor variables. Despite the large variation in areas, no significant effects emerge (⌬AIC between 0.3 and 2.7), corroborating the validity of our model results across a wide range of scales.
Historical effects, i.e., regional differences in rates of past speciation, extinction, and dispersal, are notoriously difficult to quantify and often covary with contemporary environment and physiography. Topographic heterogeneity often is associated with a high potential for speciation during past periods of climate change (25, 34, 40) or during a recent uplift of mountain ranges, such as the Andes or Himalaya (25, 41, 42) . We already noted a strong effect of topographic complexity. An alternative way to capture regional histories is to compare historically distinct biotas composed of almost completely nonoverlapping taxai.e., realms or, in our case, six floristic kingdoms (KINGDOM; largely following ref. 43 ), which may be considered as statistical replicates. Kingdom membership alone explains a substantial amount of deviance (13.1%), a value that decreases to 2.9% when kingdoms are combined into three broad longitudinal bands (Americas, Europe-Africa, Asia-Australia) to minimize environmental collinearity.
We proceed to select the best single predictor variable or interaction term from each category to construct a combined multipredictor model. Consisting of six explanatory variables (AREA, PET, WETDAYS, TOPOVEG, STRUCT, and KING-DOM), the combined model explains 65.9% of the observed deviance in a GLM framework (AIC ϭ Ϫ353.5) and 70.2% in spatial linear model (SLM) (AIC ϭ Ϫ456.9) ( Fig. 2 and SI Fig.  4 ). The SLM approach successfully removes spatial autocorre- Table 2 ). These plots show the effects of a given variable when all others in the model are statistically controlled for. (a-e) Hatched lines partial fits. (e and f ) Boxes indicate second and third quartiles, black notches denote 95% confidence intervals, and whiskers indicate 10th and 90th percentiles. NEA, Nearctic; PAA, Palaearctic; NET, Neotropic; PAT, Paleotropic; CAP, Cape; AUS, Australis. Note high partial residuals of the Cape floristic kingdom after controlled-for environmental differences ( *** , significant at P Ͻ 0.001; Tukey post hoc test). Specifically, a partial residual plot is a plot of r i ϩ bk ϫ ik vs. xik, where ri is the ordinary residual for the ith observation, x ik is the ith observation of the kth predictor, and bk is the regression coefficient estimate for the kth predictor. lation from the model residuals (SI Fig. 5 ; for a map of GLM and SLM residuals, see SI Fig. 6 ). No interaction terms (including the previously asserted energy-water interactions) significantly improve the model fit. The most important model predictor is PET (11.1% partial deviance; Fig. 2 ) followed by number of wet days and environmental heterogeneity (both 7.2%).
When controlling for environmental dissimilarities in the combined model, floristic kingdom only has a small, yet significant, effect on richness [combined model (Table 2 ) compared with a model without term for kingdom: ⌬AIC ϭ 68 and 2.7% deviance, GLM; ⌬AIC 29 and 0.9% deviance, SLM]. Despite above and beyond differences due to environment, the world's floristic kingdoms appear to be remarkably similar in richness. There is one glaring exception: the Southern African Cape region, highlighted before for its unique biota and apparent high richness (16, 44) but never evaluated in the global context. We find that translated into species numbers, the Cape flora has more than twice as many species (on average 655 species per Ϸ12,100 km 2 grid cell more; maximum: 1,637) per unit area than expected given its contemporary environment and topography, confirming, from a global perspective, its outstanding richness (44) . The potential causes of the unique plant diversity of the Cape region are still debated and include climatic shifts from summer to winter rains starting in the Oligocene, pollinator specialization, mesoscale habitat specialization, and fire regimes, giving rise to an enormous diversification in some clades (45, 45) . Crucially, we find that many regional differences in species richness that have classically been attributed to historical factors can also be predicted by contemporary differences in the environment. For instance, the long recognized greater diversity of Neotropical rainforests in relation to their African counterparts (mean Ϯ 95% confidence interval; number of species per 12,100 km 2 : 2,479 Ϯ 39 vs. 1,886 Ϯ 43) can at least statistically be predicted by environmental differences alone (e.g., mean annual precipitation: 2,186 Ϯ 49 vs. 1,661 Ϯ 57 mm; mean wet days: 199 Ϯ 3 vs. 133 Ϯ 3).
In summary, our combined model successfully explains the latitudinal gradient of plant species richness (SI Fig. 4) , and the predicted global map (Fig. 3b ) confirms many regional trends and hotspots anticipated before (11, 13, 14, 16, 17, 46) . Geostatistical models (Fig. 3 c and d) additionally incorporate information of environmental covariation and neighborhood effects. Given the importance of these effects asserted in the SLM, they improve the quality of predictions, especially in relatively well sampled regions (e.g., North America, Europe, and Mesoamerica).
We have shown that relatively few variables, namely a combination of high annual energy input with constant water supply and extraordinarily high spatiotopographic complexity, are able to accurately predict the location of global centers of plant richness (Costa Rica-Chocó, Tropical Eastern Andes, Atlantic Brazil, Northern Borneo, and New Guinea) (14, 17) . Astonishingly, the most species-rich grid cell according to our combined model (situated between Colombia and Ecuador; Fig. 3b ) has already been identified as such by Alexander von Humboldt (47) 200 years ago in the parlance of his time:
This portion of the surface of the globe affords in the smallest space the greatest possible variety of impressions from the contemplation of nature. . . . There, the different climates are ranged the one above the other, stage by stage, like the vegetable zones, whose succession they limit; and there the observer may readily trace the laws that regulate the diminution of heat, as they stand indelibly inscribed on the rocky walls and abrupt declivities of the Cordilleras.
Over the last decades, much controversy has arisen from the ambition to find one single factor that explains the enigmatic latitudinal gradient in species richness. Our findings demonstrate that different hypotheses are not mutually exclusive and core drivers likely act synergistically. Furthermore, our findings illustrate the significant advance that spatial analysis techniques applied to even megadiverse taxa at the global scale allow to both improve conceptual understanding as well as the quantitative knowledge base for conservation of yet understudied taxa. The challenge now is to close the many alarming taxonomic and geographic gaps in data availability that, surely to Humboldt's dismay, still exist.
Materials and Methods
Richness Data. We analyzed the species richness of vascular plants (i.e., ferns, gymnosperms, and angiosperms) across 1,032 geographic units worldwide (Fig. 3a) . Geographic units represent natural (e.g., mountain ranges, desert, and biogeographic provinces) or political units (e.g., countries, provinces, and national parks) and were derived from floras, checklists, and other literature sources (refer to ref. 46 for a full list of references). The data set was originally assembled to produce expert opinionbased global maps of plant species richness (11, 14, 17, 19, 46) and continental geostatistical (16, 48, 49) analyses. The original data set consists of Ͼ3,300 species-richness accounts referring to Ͼ1,800 geographic units. We excluded oceanic islands because isolation or geological age play a major role in the assembly of island floras (50) . Furthermore, we excluded geographic units with an area of Ͻ10 km 2 and Ͼ300,000 km 2 to avoid spatially overlapping units. The data set covers almost the full spectrum of the global variation in abiotic conditions and includes all major biomes and floristic kingdoms.
Putative Determinants. We tested 40 variables as potential determinants of species richness (see SI Table 3 for full descriptions and references of all examined variables). Climatic variables and net primary productivity data were derived from interpolated, digitally available global data sets. The net primary productivity data set represents an average of 17 different global models (see ref. 51 for details). Mean values were extracted across all 1,032 investigated geographical units in ArcINFO (ESRI, Redlands, CA). Water-energy dynamics received particular attention in our analyses. We analyzed the predictive power of variables or variable combinations that have been previously reported to be strong predictors of plant richness (4, 27, 38) as well as all other possible combinations of energy-related and water-related variables. To analyze the potential effects of historical contingencies, we included floristic kingdom membership as a further variable (43) . When simultaneously controlling for environmental dissimilarity of core predictors, deviations in species richness from the global environmental trend may point to an additional influence of idiosyncratic historical events on species richness (40, 52) . We also tested different variables describing habitat heterogeneity. The number of 300-m elevational belts per geographic unit (range of elevation divided by 300; TOPO) was calculated as a proxy of topographical complexity (31) by using the GTOPO-30 digital elevation model. Furthermore, the number of different vegetation types (VEG) and soil types (SOIL) occurring in a geographic unit were counted. We additionally created the combined variable TOPOVEG (TOPO ϩ VEG) because global land cover data tend to underestimate changes along elevational gradients. As a measure of space use of the vegetation, all biomes were ranked according to their threedimensional structural complexity (STRUCT). This measure varies from one (desert and tundra) to six (tropical broadleaf forest) along an integer scale. Variables were assigned to different categories corresponding to different hypotheses of species-richness gradients.
GLM Analyses. First, we performed GLMs to analyze potential single predictors of species richness. In a second step, more complex models were created (compare Tables 1 and 2 and SI Table 4 ). The fit of individual models is reported by using the proportion of deviance explained [deviance ϭ Ϫ2 ϫ maximized log-likelihood; percentage deviance explained ϭ (100-null deviance / residual deviance) ϫ 100], because that makes GLM and SLM results directly comparable. The best single predictor or combination of predictors from each category was included into a combined multipredictor model. The goodness-of-fit in relation to the model complexity was evaluated by using the AIC, which incorporates the maximized log-likelihood of the model and a term that penalizes models with greater complexity (53) . Model selection was then based on ⌬AIC, which is the difference between the AIC of the model of interest and the AIC of the best fitting model (53) .
Spatial Analyses. Spatial autocorrelation of species richness and predictor variables is a general feature of macroecological data sets (54) . It inflates type I errors of traditional statistical tests and might affect parameter estimates (55) . Because spatial autocorrelation also is present in the data set analyzed here, we performed simultaneous autoregressive models. Three different simultaneous autoregressive model types (lagged-response, lagged-mixed, and spatial error) were evaluated with different neighborhood structures and spatial weights (lag distances between 200 and 2,000 km, weighted and binary neighborhood coding). Final model selection was based on the reduction of spatial autocorrelation in the residuals and the minimization of AIC values. Simultaneous autoregressive models of the spatial error model type with a lag distance of 800 km and weighted neighborhood structure accounted best for the spatial structure in the analyzed data set. Spatial statistics were performed with the ''spdep'' library in the R software package (56) . We assessed spatial autocorrelation in model residuals by using Moran's I, which can be considered a spatial equivalent to Pearson's correlation coefficient and normally varies between 1 (positive autocorrelation) and Ϫ1 (negative autocorrelation). The expected Moran's I value for lacking spatial autocorrelation is close to 0 (57). Spatial Moran's I correlograms for the response variable as well as for the GLM and SLM residuals are provided in SI Fig. 5 .
Global Predictions.
We derive global predictions of plant richness across an equal area grid of Ϸ110 ϫ 110 km (12,100 km 2 ; approximating an area of 1°latitude ϫ 1°longitude near the equator) (Fig. 3b) . We first make predictions based on the parameter estimates of the combined GLM and by using the same predictor variables for the global grid. This approach does not account for the spatial structure in the data except for what is dictated by the predictor variables. In the absence of richness data for unsampled neighboring locations, the incorporation of the spatial autocorrelation signal when predicting into unsampled areas is not trivial. We used a two-level approach. First, we applied the geostatistical interpolation technique of ordinary kriging, which is commonly applied in other disciplines, such as mining, meteorology, and soil research (57) . This approach interpolates between sampled quadrats exclusively according to the spatial dependence of the response variable and ignores underlying environmental gradients but has the advantage of an exact interpolation method at sampled locations (Fig. 3c) . Second, we link this limited approach with the GLM-based environmental model by using ordinary cokriging, a commonly applied technique to enhance interpolation estimates (57) . Whereas the former considers only the spatial dependence of the response variable, the latter also accounts for the environmental covariation. The resulting global species-richness map (Fig. 3d) accounts for both environmental gradients and underlying spatial trends in the richness of plants. Geostatistical analyses were performed with the Geostatistical Analyst extension in ArcGIS (ESRI).
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